As single-cell experiments generate increasingly more cells at reduced sequencing 43 depths, the value of a higher read depth may be overlooked. Using data from two 44 contrasting single-cell RNA-seq protocols that lend themselves to having either higher 45 read depth (Smart-seq) or many cells (MARS-seq) we evaluate the trade-offs in the 46 context of pseudo-spatial reconstruction of the liver lobule. Overall, we find gene 47 expression profiles after spatial-reconstruction analysis are highly reproducible between 48 datasets. Smart-seq's higher sensitivity and read-depth allows analysis of lower 49 expressed genes and isoforms. Our analysis emphasizes the importance of selecting a 50 protocol based on the biological questions and features of interest. Additionally, we 51 evaluate trade-offs for each protocol by performing subsampling analyses, and find that 52 optimizing the balance between sequencing depth and number of cells within a protocol 53 is important for efficient use of resources. 54
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as far as we know, no comparison of single-cell protocols exists for the question of cell 91 ordering. 92
Here, we chose to compare protocols on their ability to reflect the spatial 93 patterning of the liver lobule. The main functional cells of the liver, hepatocytes, are 94 organized spatially in a polygonal shape around a central vein ( Figure 1A) . From the 95 central vein, a gradient of metabolic functions is performed extending to a portal vein at 96 each vertex [16] [17] [18] [19] [20] . The gradient of differences in gene expression patterns is referred to 97 as the zonation axis (from periportal (PP) to pericentral (PC)) 21 . This coordinated spatial 98 organization provides a particularly interesting application of single-cell techniques. For 99 this study we obtained scRNA-seq data from 66 hepatocytes using the Fluidigm C1 100 system with the Smart-seq full-length protocol, and compare this dataset at the gene 101 level to a dataset collected by Halpern et al. 2017 containing 1415 hepatocytes using 102 5 which on a per gene level shows the difference in detection fraction compared to the log 114 fold change in mean expression between the two protocols. A difference in detection 115 fraction of zero means that the gene is detected in the same fraction of cells in both 116 datasets and a positive value is the result of a gene detected in a larger fraction of cells 117 in the Smart-seq protocol compared to the MARS-seq protocol, and a negative value 118 corresponds to the opposite case where the MARS-seq protocol detects the gene in a 119
higher fraction of cells. The difference across protocols in log2 fold-change has a linear 120 relationship with the difference in detection fractions, which indicates a fairly constant 121 increase in log2 expression expected as cells are sequenced with greater sensitivity. At 122 the intercept, a difference in detection equal to zero, the log2 fold change is 3.4, 123
indicating an experiment wide increase in sensitivity in the Smart-seq protocol of 124 approximately 10-fold. In fact, the vast majority of genes are detected in a larger fraction 125 of cells (positive value on the x-axis) and have a higher expression level (positive value 126 in the y-axis) sequenced using Smart-seq protocol. Although, it is worth pointing out that 127 around 6% of genes have higher detection using the MARS-seq protocol (negative 128 values on x-axis) and a few of these genes also have higher expression levels (negative 129 values on y-axis) than in the Smart-seq protocol. The subset of genes better detected in 130 the MARS-seq dataset have higher GC content and are slightly longer (Supplementary 131 Figure 1 ), which is consistent with previous reports of protocol comparisons 23, 24 . Bottom. Highlights the main differences between the datasets compared. B) 137
Comparison of gene detection fraction between the datasets. The detection fraction per 138 cell (y-axis) is shown for the two datasets (x-axis). C) The log2 fold-change of genes 139 detected above an average expression level of zero in the Smart-seq dataset compared 140 to the MARS-seq dataset (y-axis), versus the difference in gene-level detection fractions 141 across datasets (x-axis). A linear regression line is overlaid and a histogram of the x-142 and y-axis are shown opposite of each axis. 143 7 Next, to represent the spatial patterns across the liver lobule, the cells in the two 145 datasets were computationally ordered according to their expression profiles. The 146 MARS-seq dataset was spatially ordered by Halpern et al. 2017 by first performing 147 smFISH for six marker genes at various locations across the zonation axis, then single-148 cell RNA-seq data obtained by MARS-seq were assigned into one of nine zonation 149 locations based on each cell's expression profile of the six marker genes 22 . For the 150
Smart-seq protocol we used a computational algorithm called Wave-Crest to spatially 151 order the 66 cells along the zonation axis (Figure 2A ) 5 . The ordering is based on fifteen 152 marker genes known in the literature to be differentially expressed along the zonation 153 axis. Cells were ordered using the nearest insertion algorithm implemented in the 154
Wave-Crest package. The algorithm searches among the space of all possible 155 orderings via a 2-opt algorithm by considering insertion events and choosing orders 156 which minimize the mean square error of a polynomial regression on the marker genes 157 expression. Of the 15 genes used, we selected eight periportal expressed genes and 158 seven pericentral expressed genes 21 . Both orderings assume the zonation profile and 159 spatial organization can be represented in a single dimension. 160 Liver_L_032 9
Using the recreated order of the hepatocytes we explored dynamic gene 174 expression across the periportal to pericentral axis. Figure 2B shows a subset of genes 175 that are predicted to be highly regulated across the axis, four of which were not in our 176 list of marker genes. We first compared their expression across the zonation axis in the 177 Smart-seq dataset to that from the MARS-seq dataset. Since the MARS-seq dataset 178 placed cells into nine discrete zones along the axis, we divided cells from the Smart-seq 179 dataset into nine equally sized groups. The zonation profiles in Figure 2B have high 180 agreement, with a median Spearman correlation of 0.93. Before proceeding, we also 181 performed an additional experiment to validate that our cell ordering and expression 182 profiles reflect those of the liver lobule in vivo. Immunohistochemistry was performed on 183 sections of paraffin embedded livers with antibodies against select genes from either 184 category ( Figure 2C) . A complete list of dynamic genes across the zonation axis from 185 the Smart-seq dataset is provided in Additional File 2, and scatter plots are in Additional 186 Cyp8b1, Cyp27a1 and Baat). We find that the expression profiles for these genes, 193
besides Cyp8b1, found in the Smart-seq dataset match the patterns found in the MARS-194 seq dataset (Supplementary Figure 3A) . In the Smart-seq dataset, Cyp8b1 is found to 195 have largely flat expression levels along most of the lobule and lower expression toward 196 the periportal zone. Other genes shown to be non-monotonically expressed such as 197
Hamp, Igfbp2 and Mup3 in Halpern et al. were also identified to be non-monotonically 198 expressed in the Smart-seq dataset (Supplementary Figure 3B) . The ability to identify 199 gene expression profiles that are either high at the PP end, high at the PC end or high 200 in the middle of the liver lobule confirms that the sampling depth is sufficient to spatially 201 reconstruct the liver lobule. We also investigated the expression pattern of Glul in more 202 detail as it is known to be expressed highly in a one hepatocyte wide band around the 203 central vein 25 . Accordingly, the predicted expression pattern found using the Smart-seq 204 dataset demonstrated sufficient sampling of this region (Supplementary Figure 3C) . 205
We further compared the zonation profiles between datasets and found a high 206 correlation of gene expression and spatial location of transcripts across the periportal to 207 pericentral axis. For genes significantly zonated in both datasets (having adjusted p-208 value < .1) the median Spearman correlation is 0.73. In Figure 3A we looked at zonated 209 genes within the metabolic pathways in KEGG, and found the median correlation 210 between datasets (highlighted in dark pink) is 0.82. Among all genes in that pathway 211 (light pink) the correlation is moderate with a median of 0.18, and no correlation is found 212 when all genes are considered (grey). 213
Traditionally the liver lobule is divided into three zones, a periportal zone 1, a 214 pericentral zone 3 and transitioning zone 2 26, 27 . The transitional nature of the liver axis is 215 reflected in the heatmap of metabolic genes that were significantly zonated in both 216 datasets ( Figure 3B ). Using k-means clustering, we found the Smart-seq data tended to 217 cluster into two distinct gene groups representing either the periportal or pericentral 218 zone. Examination of the two clusters by enrichment analysis of KEGG metabolic 219 pathways ( Figure 3C ) revealed that the predicted location along our reconstructed axis 220 of metabolic processes with known periportal or pericentral bias such as amino acid 221 metabolism (periportal), lipogenesis (pericentral) and CYP450 metabolism ( When we look at genes with moderate and low expression levels, we find that the 241 two datasets differ to a greater degree. We identified twenty genes that were classified 242 as significantly zonated along the periportal to pericentral axis in the Smart-seq dataset 243 that were not detected at all in the MARS-seq dataset, whereas only three such genes 244 were exclusive to the MARS-seq dataset. Figure 4A shows six most highly expressed 245 genes that we were able to exclusively identify in the Smart-seq dataset having 246 significant zonation (adjusted p-value < 0.10). This is not a surprising result due to the 247 well-known sensitivity advantage the C1/Smart-seq technique holds over the MARS-seq 248 technique. 249 the Smart-seq dataset. C) Eight Ugt1a genes that were concatenated in the MARS-seq 256 dataset (blue on all graphs), but can be resolved in the Smart-seq dataset (orange line). 257
258
Further, an exciting field of study that benefits from an enhanced resolution of 259 scRNA-seq is isoform analysis [28] [29] [30] . Many genes in the genome have two or more 260 isoforms that are distinctly expressed and can change properties such as structure, 261 function and localization of the resulting protein 31 . Due to the increased sensitivity of the 262 C1/Smart-seq protocol compared to MARS-seq we were able to examine genes with 263 known isoforms, and identify cases where the transcript variants for each isoform has 264 distinct expression from each other across the periportal to pericentral axis, which is not 265 Figure 4B the transcript variants of Romo1 are 266 seen to display opposite trends in expression across the zonation axis, where the 267 Romo1 variant 3 is increasing in expression from the pericentral end towards the 268 periportal end and the Romo1 variant 1 is decreasing in expression along the same 269 axis. We also highlight genes Acox1 and Eif4a2 whose variants both show constant 270 expression across the zonation axis but at different levels. Both of these genes are 271 known to have isoform specific expression in the liver lobule 32, 33 . (For Ensembl and 272 ENTEREZ IDs for transcript variants see Supplementary Table 1) . 273
We also note that due to the nature of the MARS-seq protocol there is also an 274 inability to resolve not just isoforms but many genes that are closely related. There were 275 242 concatenated genes in the MARS-seq set corresponding to 539 unique genes. An 276 example of this is seen in Figure 4C where we highlight a concatenate of Ugt1a 277 enzymes as another example of this. Eight genes are concatenated and when 278 combined the average expression level is shown to be high at the pericentral end of the 279 lobule and low at the periportal end. Again, it is clear that not all the members of this 280 concatenated group follow this trend and Ugt1a6a can be seen to have consistent 281 expression levels across the pericentral to periportal axis. 282
To further study the trade-offs between higher depth versus more cells, we 283 performed a subsampling experiment. For each dataset, we held either the number of 284 cells or the sequencing depth constant while varying the other. For the Smart-seq 285 dataset, we evaluated the effect on the cell ordering as well as the gene-specific 286 zonation profiles. For the MARS-seq dataset, the assignment of each cell to a zonation 287 group depended on external data and was independent of the other cells profiled, thus 288 we only evaluated the effect on zonation profiles. In Supplementary Figure 4A&B , the 289
MARS-seq dataset displayed an approximately linear tradeoff in zonation profile error 290
for fewer cells at the original read depth. While, at reduced read depth using the original 291 1,415 cells, a linear increase in error only existed up to 70% of the total depth, and at 292 lower levels the error increased exponentially. The average mean squared error we 293 observed in zonation profiles through subsampling in the MARS-seq dataset indicates 294 that resequencing at the same depth results in error that is equivalent to reducing the 295 total cells by about 400. Thus, in scenarios with such low sequencing depth (average of 296 11.7k total UMIs per cell), sequencing deeper would be more beneficial than adding 297 more cells. For the Smart-seq dataset, we found the spatial ordering to be quite robust 298 to reduced sequencing depth, even as low as 50% fewer reads and only marginal 299 increases in gene-specific zonation error as shown in Supplementary Figure 4C&D . The 300 average sequencing depth for the Smart-seq cells was 3.5 million counts per cell, well 301 beyond the commonly suggested sequencing saturation for single-cell data that occurs 302 close to one million total reads 34 . We do see more significant increases in error related 303 to zonation profiles when profiling fewer cells in Supplementary Figure 4E . Here the 304 tradeoff of sequencing to even half of the current depth and increasing the number of 305 cells would be beneficial. 306 307 Discussion 308
In summary, we compared two scRNA-seq datasets of mouse hepatocytes 309
where one, MARS-seq, is wide but shallow (1500 cells and about 3000 genes per cell) 310 and the other, C1/Smart-seq is narrow but deep (66 cells and 8000 genes per cell). We 311 find that the two different protocols present highly reproducible liver zonation profiles in 312 single cells, and for the vast majority of genes that are highly expressed we observe 313 highly comparable results. We do however find that when we look at medium to low 314 expressed genes the increased sensitivity of the C1/Smart-seq protocol is able to 315 identify several genes exclusive to this dataset. This increased sensitivity also allowed 316 us to identify several genes with isoforms that behaved differently across the periportal 317 to pericentral axis. We are aware of the limitation of short reads in regard to isoform 318 analysis and if more accuracy is needed, the newly developed technique ScISOr-seq 35 319 might be better suited. We do however believe that this data allows for preliminary 320 isoform analysis. We were able to resolve and identify individual genes with differing 321 spatial patterns that lower sensitivity techniques are unable to distinguish. The main 322 weakness of using fewer cells is that it is less likely that rare cell types will be sampled. 323
In cases where such rare cells are of high interest, protocols that produce a large 324 number of cells are preferable. In an ideal case, one would sample many cells and 325 sequence all of them deeply, unfortunately, this is not always possible in practice and 326 the decision of whether to sample many cells shallowly or fewer cells deeply comes 327 down to whether rare cell types are of interest or if higher resolution of the individual 328 cells is preferred. Given the distinct advantages, we emphasize that the biological 329 question should be the driving factor when deciding on protocol. Within a chosen 330 protocol, achieving balance between the sequencing depth and the number of cells is 331 still an important consideration for optimal use of resources. Based on our simulations 332 of two datasets at opposite ends of the sequencing depth versus number of cells trade-333 off, there is eventually a detriment to sacrificing reads for additional cells or sequencing 
Animals and handling. 445
All animals were kept under standard husbandry conditions. A wildtype 8-week-old male 446 C57BL/6 (Jackson laboratories) was used in this experiment. Using isoflurane, the 447 mouse was anesthetized before euthanizing by cervical dislocation. Animal experiments 448 and procedures were approved by the University of Wisconsin Medical School's Animal 449
